This study examines the impact on student achievement of high-dosage reading tutoring for middle school students in New York City public schools, using a school-level randomized field experiment. Across three years, schools offered at least 130 hours of 4-on-1 tutoring based on a guided reading model. We demonstrate that, at the mean, tutoring has a positive and significant effect on school attendance, a positive, but insignificant, effect on English Language Arts (ELA) state test scores and no effect on math state test scores. There is important heterogeneity by race. For black students, our treatment increased attendance by 2.0 percentage points (control mean 92.4 percent) and ELA scores by 0.09 standard deviations per year -two times larger than the effect of KIPP Charter Middle Schools on reading achievement. We argue that the increased effectiveness of tutoring for black students is best explained by the average tutor characteristics at the schools they attend. * We are grateful to Lawrence Katz for helpful comments and suggestions. Financial Support from the Education Innovation Laboratory, the Ford Foundation, New York City Council, and The Robin Hood Foundation is gratefully acknowledged. ExpandEd Schools was an invaluable implementation partner. Adriano Fernandes, Blake Heller, Alex McNaughton, Adam Pfander, and Hannah Ruebeck provided terrific project management and research assistance. Correspondence can be addressed to the authors by mail: Department of Economics, Harvard University, 1805 Cambridge Street, Cambridge, MA, 02138 (Fryer) In an effort to increase reading achievement among adolescents -particularly underachieving minority students -we conducted a randomized experiment with approximately 1,700 students across 60 traditional New York City public schools. Treatment schools provided 2.5 hours of daily after-school programming, which included 45 to 60 minutes of 4-on-1 reading tutoring for a subset of students. They also participated in the NYC Middle School Quality Initiative (MSQI) -a school-wide literacy program that provided professional development to teachers and administrators, literacy coaching, access to literacy curricula and software, and a daily period of differentiated literacy support. Control schools participated in MSQI, but did not have tutoring or other after-school programming. A secondary set of control schools is used, when needed, as a "pure" control. These schools did not administer the assessment that was used to determine which subset of students would participate in tutoring in the treatment schools, and thus, cannot be used 1 There are very successful reading interventions for younger children. This includes early childhood interventions such as Head Start, Breakthrough to Literacy, and Ready, Set, Leap, which increase reading achievement by 0.19σ, 0.55σ, and 0.51σ, respectively (Puma et al. 2010, Layzer et al. 2007). School-based interventions in elementary schools, such as Success for all and Reading Recovery, are similarly effective -increasing reading scores on average by 0.3σ and 0.6σ, respectively (Borman et al. 2007; May et al. 2013 We explore heterogeneity of treatment effects across various student, neighborhood, tutor, and school characteristics. Surprisingly, there are no significant differences by student economic disadvantage, English proficiency, language spoken at home, or neighborhood characteristics. Nonspecial education students may have benefitted more than students with special learning needs. Differences by student baseline reading level suggest that tutoring may have had a larger impact for lower-ability students, but our ability to detect differences is limited due to sample size. Tutor characteristics do not seem to explain differences in the effectiveness of tutoring in increasing ELA 3 achievement. Student attendance at school increased more in schools with a higher percentage of black tutors, a lower percentage of Hispanic tutors, and in schools with below-median average tutor interview scores. Consistent with the individual student subsamples, ELA scores and attendance at school increased more in schools with an above-median percent black student population and a below-median percent special education student population.
Hispanic students on this assessment is just above the overall student performance of the worst two performing countries -Mexico and Turkey (OECD 2016) . National Association of Education Progress scores paint a similarly bleak picture of American reading achievement -34% of all eighth graders are at least "proficient" in reading; 16% (21%) of black (Hispanic) eighth graders score at this level (US DOE 2015) .
While many interventions show promise in improving adolescents' math achievement, few interventions demonstrate significant impacts on reading achievement after elementary school. 1 For instance, high-performing charter middle and high schools consistently increase math scores by 2-5 times as much as they increase reading scores (Abdulkadiroglu et al. 2011; Angrist et al. 2012; Dobbie and Fryer 2011) .
2 Fryer (2014) shows a similar result using charter school best practices in traditional public schools. The average effect of reading interventions targeting students with an average age greater than 12 is 0.04 standard deviations (hereafter σ).
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In an effort to increase reading achievement among adolescents -particularly underachieving minority students -we conducted a randomized experiment with approximately 1,700 students across 60 traditional New York City public schools. Treatment schools provided 2.5
hours of daily after-school programming, which included 45 to 60 minutes of 4-on-1 reading tutoring for a subset of students. They also participated in the NYC Middle School Quality Initiative (MSQI) -a school-wide literacy program that provided professional development to teachers and administrators, literacy coaching, access to literacy curricula and software, and a daily period of differentiated literacy support. Control schools participated in MSQI, but did not have tutoring or other after-school programming. A secondary set of control schools is used, when needed, as a "pure" control. These schools did not administer the assessment that was used to determine which subset of students would participate in tutoring in the treatment schools, and thus, cannot be used 1 There are very successful reading interventions for younger children. This includes early childhood interventions such as Head Start, Breakthrough to Literacy, and Ready, Set, Leap, which increase reading achievement by 0.19σ, 0.55σ, and 0.51σ, respectively (Puma et al. 2010 , Layzer et al. 2007 . School-based interventions in elementary schools, such as Success for all and Reading Recovery, are similarly effective -increasing reading scores on average by 0.3σ and 0.6σ, respectively (Borman et al. 2007; May et al. 2013 ).
2 for our main evaluation of the impact of tutoring. They can, however, be used to evaluate the independent impact of MSQI.
The tutoring intervention was implemented as part of the after-school programming for a targeted subset of students in eligible grades each year. Some schools conducted a portion of their tutoring within the school day. With guidance from literacy specialists, we targeted students who were on the cusp of falling significantly behind -i.e. those who demonstrated at least basic fluency but had below-grade-level comprehension skills. A team of teachers and middle school literacy experts developed a detailed tutoring curriculum (approximately 50 pages of curricular material per book for 150 books) centered on high-interest chapter books that were appropriate for the range of reading levels that were eligible for tutoring. These curricula are available from the authors upon request for both practitioners and researchers.
The results of our experiment are interesting, and in some cases, quite surprising. Unless otherwise noted, we report Intent-to-Treat (ITT) effects with standard errors clustered at the school level. On project administration data that serve as a "proof of treatment," there are large treatment effects. Students in treatment schools had a 38 percentage point (or 1.3σ) increase in attendance at tutoring. On average, treatment students attended tutoring on 38 percent of school days; control students attended our tutoring program on 0.02 percent of days. This translates into a treatment effect equal to 67 days of tutoring per year where students read, on average, 1.8 books, or 403 pages per year. All of these effects are highly significant.
These changes translated into significant positive gains in student attendance at school and positive, but insignificant gains on English Language Arts (ELA) state test scores at the mean. The average impact of treatment on attendance is 1.2 (0.3) percentage points (control mean = 91.9 percent). The average impact on the New York state ELA assessment is 0.05σ (0.04) per year. The impact of treatment on the New York state math assessment is -0.002σ (0.06) per year.
We explore heterogeneity of treatment effects across various student, neighborhood, tutor, and school characteristics. Surprisingly, there are no significant differences by student economic disadvantage, English proficiency, language spoken at home, or neighborhood characteristics. Nonspecial education students may have benefitted more than students with special learning needs. Differences by student baseline reading level suggest that tutoring may have had a larger impact for lower-ability students, but our ability to detect differences is limited due to sample size. Tutor characteristics do not seem to explain differences in the effectiveness of tutoring in increasing ELA 3 achievement. Student attendance at school increased more in schools with a higher percentage of black tutors, a lower percentage of Hispanic tutors, and in schools with below-median average tutor interview scores. Consistent with the individual student subsamples, ELA scores and attendance at school increased more in schools with an above-median percent black student population and a below-median percent special education student population.
Perhaps the most interesting partition of the data is by students' race. The treatment effect on black students is 0.09σ (0.03) in ELA and 0.10σ (0.06) in math. The treatment effect on Hispanic students is 0.01σ (0.04) in ELA and -0.08σ (0.06) in math. The differences -0.08σ in ELA and 0.18σ in math -are statistically significant. 4 The impact on reading for black students is approximately twice the impact of attending Promise Academy in the Harlem Children's Zone, having a Teach For America teacher, or the average intervention designed to boost reading achievement for students over age twelve (Dobbie and Fryer 2011 , Tuttle et al. 2013 , Fryer 2017a ).
The impact on attendance is 2 percentage points for black students and 0.8 percentage points for
Hispanic students.
We test the robustness of our main results in four ways: attrition out of sample, further investigation of school-level heterogeneity via school-level regressions, finite sample inference, and correcting for multiple hypothesis testing. The mean impact of treatment on attendance passes all tests. The effects on attendance for black students survive all four tests and the positive effects on ELA scores for black students maintain significance in three of the four tests. School level regressions yield qualitatively similar estimates of the impact on ELA scores for black students, but
are measured with significant error. We cannot reject the null hypothesis that the black coefficient estimated by individual or school-level regressions is the same.
The paper concludes with a speculative discussion of why high-dosage tutoring is more effective for black students than Hispanic students. Accounting for language spoken at home, birth country, whether a student is an English Language Learner, attrition, neighborhood characteristics, and students' pre-treatment reading achievement quintiles reduces the black-Hispanic difference by 32%. Additionally accounting for tutor characteristics reduces the coefficient by 109%, though large standard errors still allow for sizable differences in the effect of treatment in the 95% confidence interval.
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The basic economics of this experiment is trivial: tutoring provides more signals and a way to individualize instruction. In many regards, it's the opposite of the experiment in Fryer (2018) where teachers were departmentalized to exploit comparative advantage in subject-area expertise.
The model that emerges in that paper is one of dial-setting -teachers who have the same students all day are able to better understand the "state" their students are in relative to teachers who see many more students for an hour a day. Tutoring allows for intense individualization.
The field experiment most closely related to our demonstration project is an in-school literacy support program that provides instruction to help struggling ninth-grade readers develop the skills and strategies used by proficient readers, improve their reading comprehension, and increase their self-motivation to read (Somers et al. 2010) . 5 This intervention takes the place of elective courses, is additive to regular ELA courses, and is taught by a trained ELA or social studies teacher.
The classes were designed for groups of 10 to 15 students that meet for 225 minutes per week throughout the school year. 6 The experiment, which has several elements in common with MSQI, was conducted in 34 schools across 10 school districts -a total of 5,500 students. This literacy intervention increases scores on state reading tests by 0.11σ (0.04) and significantly increases students' reading comprehension, grade point averages, and number of credits earned in core
classes. An important difference is that our approach does not crowd out other subjects.
Additionally, our intervention is designed to improve reading proficiency in middle school with the goal that students can become proficient readers before they enter high school.
A second intervention -at MATCH charter high school in Boston -that is closely related to our experiment combines small-group (2-4 students) tutorials in math and English with an extended day. Kraft (2015) shows that this high-dosage tutoring in both math and ELA increases ELA scores by 0.15σ to 0.25σ per year, but has no marginal effect on math scores (on top of the large gains in math that MATCH students were making before the advent of the extended day program).
Finally, small-group tutoring is also a key feature of several attempts to "turn around" failing public schools, and it has been demonstrated that intensive small-group instruction in mathematics can lead to especially large gains in student achievement in math (Fryer 2014) . There is also evidence 5 There are several other interventions targeting elementary school students that have been shown to increase reading achievement (e.g. Borman et al. (2009 ) -see Fryer (2017a for a complete review). 6 These results are for an evaluation of the Reading Apprenticeship Academic Literacy and Xtreme Reading literacy programs. For more information on these specific courses, see www.wested.org or sim.kucrl.org/products/details/xtreme-reading.
5 that short-term, intensive small group instruction during school breaks can be particularly effective as part of "turnaround" efforts (Schueler et al. 2017 ).
The paper is structured as follows: Section II provides information on participating schools and program details. Section III describes our data and research design. Section IV presents estimates of the impact of the experiment on student achievement and school attendance. Section V provides a set of standard robustness checks of our results. Section VI discusses possible explanations for some surprising facts generated by our experiment and the final section concludes.
There are three online appendices. Appendix A is an implementation guide. Appendix B describes how the variables were constructed in our analysis. Appendix C describes a cost-benefit analysis for the tutoring experiment.
II. Background and Program Details
The New York City Department of Education (NYC DOE) is the largest school district in the United States and one of the largest school districts in the world, serving 1.1 million students in 1,429 schools. Over seventy percent of NYC DOE students are black or Hispanic, fifteen percent are English Language Learners, and over seventy percent are eligible for free or reduced-price lunch. and then provided a list of 129 schools that were eligible for random assignment from this list of interested schools. To control costs and maximize the probability of success for the program, experimental schools were selected for the randomization based upon school size and subject to a minimum school environment grade on the NYC DOE school survey. The sixty smallest interested schools with school environment grades of D or higher formed the experimental group.
The list of sixty schools were randomly assigned to one of three groups -the treatment group consisted of twenty schools that were assigned to be a part of NYC DOE's Middle School Quality Initiative (MSQI) and added 2.5 hours of after-school programming which included 4-on-1 tutoring and the main control group consisted of twenty schools that were assigned to be a part of NYC DOE's MSQI. A second control group serves the purpose of a "pure" control -a way of understanding the impact of MSQI on outcomes.
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After treatment and control schools were chosen, treatment school principals attended a meeting in June of 2013. During this meeting, the general outline of the project was described and principals were given a forum to ask any questions they had about participation in the project. The treatment group participated in a comprehensive set of interventions beginning in the 2013-14 school year -a school-wide literacy initiative, after-school programming, and high-dosage reading tutoring for a targeted group of students. The school-wide literacy program was designed to cultivate a "literacy culture" by providing ongoing literacy coaching, access to literacy curricula and software, and programming support in implementing a daily period of differentiated literacy support (a strategic reading period or "SRP").
The after-school programming was implemented by ExpandED Schools. Each treatment school partnered with a community-based organization (CBO) to extend the length of the school day and expand the types of learning experiences available to students. These programs added approximately 2.5 hours to the school day, offering students a mixture of academic and nonacademic activities, as well as an additional meal. The types of activities offered varied by site, depending upon a school's particular CBO partner, the skills of the CBO employees, and the involvement of teachers and school administrators in the after-school programming. Examples of typical activities include dance, sports, science labs, homework help, robotics, photography, and debate club. Students could attend the after-school program if they were enrolled in the grade being offered tutoring, irrespective of whether or not they qualified for tutoring. If a student was not eligible for tutoring, they could participate in the programming described above. If they were assigned to tutoring, students were not allowed to opt out of tutoring to participate in other afterschool activities (though attending after-school was still voluntary). If tutoring occurred during the school day, it was treated like any other (mandatory) class. 7, 8 For the rest of the time spent in after-7 school but not spent in tutoring, students could participate in the activities implemented by ExpandED Schools described above.
High-dosage tutoring was implemented as a part of the after-school programming. Tutoring served a subset of students in eligible grades each year. Students were assigned to be tutored based upon their diagnostic score on the Degrees of Reading Power (DRP) assessment (taken in September of 2013), a multiple choice reading comprehension assessment, and were grouped homogeneously by their DRP scores. The eligibility range was established to identify 6 th grade students who demonstrated at least basic middle-elementary level fluency, but who demonstrated below grade-level comprehension skills. 9 Assignment was done so that the lowest performing eligible students received priority when there were more eligible students than available tutoring seats at a school. 10 In the first year, the percent of sixth graders assigned to tutoring in a given school ranged from 17 percent to 64 percent, and in the average school, 46 percent of students were assigned to tutoring.
Each tutoring session was scheduled for between 45 and 60 minutes, depending on each school's schedule. Each tutoring group consisted of four students, grouped according to DRP scores in order to allow for effectively targeted book selection and instruction. The high-dosage tutoring was modeled after the guided reading framework described in Fountas and Pinnell (2001) .
The curriculum centered on high-interest chapter books -fiction and non-fiction -appropriate for the range of reading levels eligible for tutoring participation. A team of teachers and middle school literacy experts developed a detailed curriculum for tutors to use in the tutorial and worked with NYC DOE to curate a library of high-interest chapter books for each grade level of participating students.
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All tutors were required to meet certain baseline requirements before they were hired. Tutors were required to hold at least a bachelor's degree, pass a high school reading assessment, and pass a background check. Prior to being placed at a given school, principals or their chosen designee interviewed each tutor candidate to determine their fit on a particular campus. In year one, at full capacity there were 110 tutors working in 20 schools; in years two and three, there were 145 tutors at 19 schools. 11 More details on tutor staffing by school can be found in Appendix Table 1 .
Before each school year, tutors participated in an intensive week-long training to implement the guided reading model designed for the tutoring program. The summer training focused on the guided reading instructional model, lesson planning using the curriculum, managing student behavior, building relationships with students, and establishing systems and procedures to run effective tutorials.
In year one, tutors and the tutoring program were supervised by seven Regional Tutoring
Coordinators (RTCs). These seven RTCs managed tutor staffing, coordinated tutor logistics, and provided instructional coaching for tutors at 2 or 3 schools each. In years two and three, the supervisory structure changed slightly. Each treatment school was assigned an ExpandED Schools
Program Manager, who coordinated with the CBOs to oversee the after-school programming at the school and maintained supervisory responsibilities over the tutoring program, in order to better integrate the components of treatment. RTCs worked closely with our research team to ensure fidelity of implementation to the program's research design and instructional model. RTCs served as instructional leaders for tutors, providing regular informal feedback, instructional coaching, and material resources. Tutors also attended professional development seminars during the school year that focused on the guided reading instructional model, lesson planning using the curriculum, managing student behavior, building relationships with students, and establishing systems and procedures to run effective tutorials. Half-day professional development seminars were offered 3-5 times annually, typically during school holidays.
The cost of the experiment was $1.76 million per year, or approximately $2,500 per student per year.
III. Data, Research Design, and Econometrics

Data
9
We use student-level administrative data on 1.1 million students enrolled in NYC DOE schools, each year, from the 2010-2011 to 2015-2016 school year. The student-level data include information on student race, gender, free-and reduced-price lunch eligibility, and attendance for grades K-12, and state math and ELA test scores for students in grades 3-8. To supplement NYC DOE data, we also collected administrative data throughout the project, described below.
The main outcome variable is an achievement test unique to New York state. The state ELA and math tests, developed by McGraw-Hill, are high-stake exams administered to students in the third through the eighth grade. Students in third, fifth, and seventh grades must score at level 2 or above (out of 4) on both math and ELA tests to advance to the next grade without attending summer school. Material covered in the math test is divided among five strands: (1) number sense and operations; (2) algebra; (3) geometry, (4) measurement, and (5) statistics and probability. The ELA test is designed to assess students on three learning standards: (1) information and understanding, (2) literary response and expression, and (3) critical analysis and evaluation. Both tests include multiple-choice, short-response, and extended response questions. The ELA test also includes a brief editing task and is divided into reading, listening, and writing sections.
All public-school students are required to take the math and ELA tests unless they are medically excused or have a severe disability. Students with moderate disabilities or limited English proficiency must take both tests, but they may be granted special accommodations (additional time, translation services, and so on) at the discretion of school or state administrators. In the analysis, test scores are normalized to have a mean of zero and a standard deviation of one for each grade and year across the entire New York City sample.
We use a parsimonious set of controls to aid in precision and to correct for any potential imbalance between treatment and control groups. The most important controls are achievement test scores from three years prior to treatment and their squares, which we include in all regressions. Pretreatment years' test scores are available for most students who were in the district in the previous year. We also include indicator variables that takes on the value of one if a student is missing a test score from a given pre-treatment year and zero otherwise.
Other individual-level controls include a mutually exclusive and collectively exhaustive set of race dummies, as well as indicators for gender, free lunch eligibility, special education status, and English Language Learner status. All controls are interacted with whether a student is black, Hispanic, or another race. See Appendix B for further details on the construction of all variables.
To supplement NYC DOE's administrative data, we collected a large set of project implementation data. This includes data on tutor characteristics collected from resumes and site visits, student attendance at tutoring, and the books read by each student in tutoring. This data was collected in all three years of treatment.
Research Design
To partition the set of interested schools into treatment and control, we used a matchedtriple randomization procedure similar to those recommended by Abadie and Imbens (2011) . Recall, 60 schools were included in the randomization, from which we constructed 20 matched triples.
To increase the likelihood that our control and treatment groups were balanced on a variable that was correlated with our outcomes of interest and following the recommendations in Abadie and
Imbens (2011), we used schools previous years' average proficiency rates in math and ELA to construct our matched triples. 12 First, the full set of sixty schools was partitioned into "matched triples" using each school's sixth grade enrollment and their average proficiency rate in math and ELA. Specifically, schools were first grouped by size into 9 clusters, by rounding sixth grade enrollment to the nearest 50. Then, schools within each cluster were ordered by the average of their math proficiency rate and ELA proficiency rate. Using this ordering, schools were then grouped into triples within each size cluster such that the three schools with the lowest proficiency rate in each size cluster became one matched triple, etc. When there was a size-cluster with a number of schools that was not divisible by three, similarly-achieving schools were pulled from the next largest sizecluster. From each "matched triple" we randomly selected one school to be treatment, one to be main control, and one to be supplementary control.
Columns (1) and (2) of Table 2 provide descriptive statistics for both participating and nonparticipating schools. 13 Column (3) provides p-values for each individual variable. This is estimated by regressing school-and student-level characteristics on an indicator for being in the experimental sample. Panel A includes variables measured at the school-level -the unit of analysis in our random assignment. Overall, the participating versus non-participating sample is unbalanced at both the school and individual student-level (p-value the joint F-tests both 0.000). Schools in the experimental sample have a lower percentage of white students, a higher percentage of Hispanic students, English Language Learners, and economically disadvantaged students, and lower average test scores in math and ELA. This is consistent with the district's proposed selection of schools to participate in the experiment.
Columns (4)- (7) provide identical information for schools randomly assigned to the treatment, main control, and supplementary control groups. No individual characteristic is statistically different across groups and the schools are balanced overall (p-value on the joint F-test is 0.954). The students in the 6 th grade cohort (the group used to randomize), and the group of students who fall in the range of DRP scores that qualify them for tutoring are also balanced overall (p-values from the joint F-tests are 0.147 and 0.405, respectively) and no individual characteristic is statistically different between groups. This makes inference relatively straightforward.
Econometric Specifications
Let Z i indicate whether student i was enrolled in a school selected for treatment at the beginning of the first treatment year, let X i denote a vector of control variables consisting of the demographic variables in Table 2 , let • represent a polynomial including three years of prior test scores and their squares. All these variables are measured pre-treatment. Ψ m is a matched-pair fixed effect, and η t is a year fixed effect.
We can then estimate the Intent-to-Treat (ITT) effect τ ITT using the twenty treatment and twenty control schools in our experimental sample via the following regression model:
Equation (1) identifies the impact of being offered a chance to attend a treatment school, τ ITT , where students in the matched-pair schools correspond to the counterfactual state that would have occurred for the students in treatment schools had their school not been randomly selected.
We focus on a fixed population of students. A student is considered treated if she was in a treatment school before October 31 st in the first year of treatment, and if her score on the DRP lies within the range used to determine the tutoring groups in her school. A student is similarly assigned to the control group if her score on the DRP lies within the range used to determine the tutoring groups in the treatment school in her school's matched triple. All student mobility (in or out of schools or in and out of the tutoring program) after treatment assignment is ignored. Note: more than 95% of students in our sample remain in the same school between September and June in each year of the treatment. Further, at the end of the second year of treatment, 87% of students in our sample are in the same school that they were in at the start of the experiment, and at the end of the third year of treatment, 80% of students are in the same school that they were in at the start of the experiment (retention is similar between treatment and control . ). We follow the initial experimental cohort of 6 th graders for three years. Standard errors in all specifications are clustered at the school level.
Under several assumptions (e.g. that treatment assignment is random, control schools are not allowed to participate in the program and treatment assignment only affects outcomes through program participation), we can also estimate the causal impact of attending a treatment school or participating in tutoring. This parameter is commonly known as the Local Average Treatment Effect (LATE).
We estimate a LATE parameter through a two-stage least squares regression of student achievement on fraction of years a student is present in tutoring, using random assignment as an instrumental variable for the first stage regression. The LATE parameter measures the average effect of attending a treatment school on students who are treated as a result of their school being randomly selected.
IV. Analysis
Direct Outcomes
We begin our analysis by estimating treatment effects on a variety of outcomes that are directly related to the quality of implementation of tutoring by schools. Table 3 contains these estimates.
Perhaps the most straightforward and obvious way to provide "proof of treatment" is to estimate whether students attended the tutoring sessions outlined in Section II. Over three years, treatment students' attendance rate in this tutoring program was 38 percentage points higher than 13 control students' (control mean = 0.02 percent). 14 Treatment students attended an average of 67 days of tutoring per year -a total of 150-200 hours over the three-year experiment in which they read, on average, a total of 5.4 books or 1209 total pages (1.8 books or 403 pages per year) and discussed, in detail, those books with their tutor and peers. All of these estimates are highly significant.
To get a sense of how large the treatment effect on this set of direct outcomes is, consider that the average treated student read approximately 67,000 words per year in tutoring. The average sixth grader in America reads 425,000 words per year in school (Renaissance Annual Report 2012).
Thus, tutoring increased the number of words read in a year for an average sixth grader by approximately 16%.
Effects on direct outcomes were largest in year one and smaller in years two and three. In year one, students in tutoring read, on average, 600 pages, whereas in year two and three students read, on average, 300 pages. Similarly, students attended approximately 80 days of tutoring in year one and 60 days per year in years two and three. Note well: of the students assigned to tutoring in the first year of the program, 45% attended at least one day of tutoring in all three years of the program, 25% attended at least one day of tutoring in two years of the program, 23% attended at least one day in only the first year of the program, and 6% attended zero days in zero years of the program.
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State Test Scores
Panel A of Table 4 per year in math. The ELA score can be further decomposed into its reading and writing subscores.
The impact of being offered a chance to participate in a tutoring intervention on pooled reading subscores is 0.02σ (0.03) per year and 0.08σ (0.06) per year for writing. Consistent with the patterns in direct outcomes, the effects on ELA scores are largest in the first year.
We also use assignment to treatment to instrument for students' attendance rate at tutoring.
These results suggest that the effect of attending the high-dosage tutoring program for one year is to increase ELA scores by 0.16σ (0.08) in the first year or 0.12σ (0.09) per year when pooled over all three years.
School Attendance
Panel B of Table 4 presents ITT estimates of the effect of treatment on student attendance at school. Tutoring significantly increases student attendance by 1.2 percentage points per year, relative to a control mean of 92 percent, and the effect is highly significant in each year and pooled across years. We also instrument for students' attendance rate at tutoring with assignment to treatment. Attending the tutoring program for one year increases attendance at school by 3 (0.7)
percentage points per year.
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Conceptually, tutoring (or after-school programming) could increase students' attendance at school via at least two mechanisms -either students wanted to attend after-school programming/tutoring and knew that they could not do so if they were absent from school, or students felt more confident at school because of the tutoring and therefore attended more days of school.
We can partially separate the effect of after-school programming from the effect of tutoring coupled with after-school programming by comparing students who were eligible for after-school programming but not eligible for tutoring (students in the same grade as students who were offered tutoring but whose DRP scores were too low or too high to qualify for tutoring) with similar 16 One might wonder how much of the effect on ELA and math scores we should attribute to the direct impacts of tutoring versus indirect impacts mediated by higher overall rates of attendance at school. Goodman (2014) presents evidence from snow days that suggests that attendance at school may increase math scores but not ELA scores. This provides some speculative evidence that the positive effects on ELA scores are direct effects of tutoring rather than secondary effects of increased school attendance. students in the control group who only were exposed to MSQI. This provides the treatment effect of the tutoring component of the after-school program -relative to the other elements such as sports or photography -on attendance rates. A key assumption in this approach is that the effect of after-school programming is the same for students who were eligible for tutoring and those who
were not eligible for tutoring (tutoring assignment is formulaic but not random).
The results of this approach are displayed in Appendix Table 7 . Interestingly, the effects on school attendance are driven by participation in the tutoring program, not the after-school program without tutoring. In other words, these results suggest that students are more likely to come to school because of our after-school tutoring program than the other services offered after school such as science labs or dance. Students without special learning needs gained 0.06σ (0.04) in ELA while students with special learning needs lost 0.05σ (0.04) in ELA (p-value on the difference is 0.06), but there is no differential effect on attendance. Students in all quartiles of the pre-treatment ELA state test or DRP assessment score distribution had statistically similar treatment effects on ELA, but magnitude of coefficients decreases with student pre-treatment test scores. The effects on school attendance were larger for students with lower pre-treatment ELA state test or DRP assessment scores.
Heterogeneous Treatment Effects
Partitioning the sample by tutor characteristics, such as schools' average tutor quality score, percent of tutors with a degree in English or education, percent of tutors with teaching or tutoring experience, percent of tutors with a graduate degree, or the percent of tutors who are black, Hispanic, or white yields no significant results for ELA. The effects on attendance were significantly larger in schools with below-median average tutor interview scores and in schools with more black tutors or fewer Hispanic tutors.
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The most robust partition of the data is by student race. Black students gain 0.09σ (0.03) in ELA and 0.10σ (0.06) in math. Hispanics gain 0.01σ (0.04) in ELA and lose 0.08σ (0.06) in math.
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The p-value on the difference between black and Hispanic students is 0.05 in ELA and 0.01 in math.
Consistent with these results, treatment also increases students' attendance at school significantly more for black students (2.0 (0.4) percentage points) than it did for Hispanic students (0.8 (0.4) percentage points).
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To put these magnitudes in context, Dobbie and Fryer (2011) 
2006
). Implementing charter school best practices in traditional public schools had no effect on ELA scores in secondary schools, and training principals in better management practices increases ELA scores by 0.05σ (0.02) (Fryer 2014; Fryer 2017b ). Thus, high-dosage tutoring has a similar impact on reading achievement to other well-known interventions.
Consistent with the above results, schools that have a below-median percent of students in special education and schools with an above-median percent of black students have larger effects on ELA scores. Schools with a below-median percent ELL students and above-median percent of black students have larger effects on attendance.
The Impact of MSQI on State Test Scores and Attendance
We conclude our main statistical analysis by estimating the impact of our secondary treatment arm -the MSQI literacy curriculum. Recall, both treatment and control schools received the MSQI literacy curriculum which provided professional development to teachers and administrators, literacy coaching, access to literacy curricula and software, and support to implement a daily period of differentiated literacy support.
Our set of supplementary control schools -those that did not implement MSQI -provide a way to test the independent effect of MSQI. While these pure control schools cannot be used to identify the impact of tutoring coupled with MSQI (as they did not administer the DRP and therefore one cannot identify the counterfactual group of control students in the correct diagnostic score range), we can compare outcomes for students in the main control schools (that implemented MSQI) to students in the supplementary control schools to estimate the effect of MSQI for the entire sixth grade cohort, employing the same specifications used to evaluate the tutoring program. 
V. Robustness Checks
In this section we briefly explore the robustness of our key results -that high-dosage tutoring increases student attendance at the mean and is highly effective for black students on both the attendance and student achievement margins -under potential threats to the interpretation of the data.
Attrition and Bounding
Our estimates thus far have been based on the sample of students who take the NY state test at the end of each year of treatment. If treatment affects selection into this sample, our results may be biased.
To test this potential concern, Appendix Table 2 provides estimates of the effect of treatment on attrition for the overall sample and by student race. There is no detectable effect of treatment on attrition in the overall sample, nor is there a significant difference in the attrition rate for black and Hispanic students.
Appendix Table 3 includes bounds on the main estimates that account for differential attrition. As described in Lee (2009), we calculate lower bounds by dropping the highest-achieving treatment students, or lowest-achieving control students, until attrition is equal between treatment and control. This process occurs independently for each outcome. We re-run the main specification, including all of the same controls, on this new sample to estimate the worst-case scenario treatment effect -i.e., the treatment effect if all of the excess treatment (excess control) respondents were the "best" ("worst") respondents on each measure.
The ELA effect for black students is still highly significant in the first year and averaged over all years -the pooled coefficient is 0.07σ (0.03). The effect on attendance for black students also 18 remains highly significant in all years. The positive effect on attendance at the mean remains highly significant in all years.
School Level Heterogeneity
In general, controlling for matched pair fixed effects should yield consistent standard errors (Abadie and Imbens 2011) , but this may not correct for school-level heterogeneity in finite samples.
This heterogeneity is uncorrelated with treatment due to random assignment, but could affect inference (Moulton 1986 (Moulton , 1990 . Therefore, all results presented above cluster standard errors at the school level.
A second, more conservative way to address this issue is to estimate school-level regressions to evaluate the impact of treatment. Appendix Table 4 displays these estimates for our experimental sample. The results are qualitatively the same, but estimated with such imprecision as to render the ELA effects for black students insignificant. Notice, however, one cannot reject the hypothesis that the school-level regression results and the individual regression results are statistically the same. The effects on attendance continue to be significant both at the mean and for black students when estimated at the school level.
Permutation Tests
A third robustness check is to understand how our small number of clusters (36) impact inference. Cameron, Gelbach, and Miller (2008) advise concern in designs that have fewer than 30 clusters. We pass this standard, but 36 clusters is still cause for concern that standard asymptotics do not apply.
Appendix Figure 1 provides exact p-values calculated via permutation tests for the key results (Fisher 1935 , Rosenbaum 1988 . To conduct the permutation test, we re-randomize the sample 10,000 times between matched pairs at the school level, identical to the original random assignment design, and calculate a simulated treatment effect. The exact p-value is the proportion of simulated treatment effects that are larger than the actual observed treatment effect (in absolute value).
The effect on ELA scores for black students remains marginally significant and the effects on attendance, both for black students and at the mean, remain highly significant.
Multiple Hypothesis Testing
19
We have run many regressions with various outcomes to measure treatment effects. One might worry that we are simply detecting false positives due to multiple hypothesis testing. Using a standard Bonferroni correction (the most conservative correction), effects on both ELA and attendance remain significant for black students. The effect on attendance at the mean also maintains significance. Appendix Tables 5A and 5B contain these estimates.
VI. Discussion and Speculation
Our field experiment generated an unexpected set of facts. At the mean, tutoring had a positive and statistically significant effect on school attendance for all students and for black students and a positive, but an insignificant impact on ELA state test scores. Interestingly, the effects at the mean are largely driven by black students, who made considerable gains, while
Hispanic students gleaned no measurable benefit from tutoring. The effect on attendance for black students survive all of our robustness checks; the effect on black students' ELA scores pass three of four tests.
In this section, we take the point estimates literally and provide a (necessarily) more speculative discussion of why high-dosage tutoring is more effective for black students relative to Hispanic students. To be clear, the empirical tests to come would not have been a part of any preanalysis plan as we did not expect these results a priori. And, importantly, we are limited in what we can test due to data limitations.
To understand racial differences in treatment effectiveness, we estimate empirical models of the following form:
where Z i is an indicator for treatment and HISP is an indicator for being Hispanic. χ ITT represents the treatment effect for black students and φ ITT represents the difference in treatment effects for
Hispanic students relative to black students. To test a particular hypothesis -say, that language spoken at home explains racial differences -we add controls that proxy for that hypothesis and investigate the change in φ ITT . Table 6 estimates equation (2) and presents estimates of φ ITT , additively accounting for several potential hypotheses to explain observed racial differences in treatment effects. The first row contains the estimated racial difference using only the controls in the main analysis. Each following row adds control variables that proxy for each of the following potential explanations for the observed racial differences: 1) language and native country; 2) neighborhood characteristics; 3) diagnostic test scores; 4) previous reading achievement quartiles; 5) tutor characteristics; and 6) student attendance at school. All controls are interacted with student race.
In the main analysis, the coefficient on the difference for Hispanic students relative to black students is -0.08σ (0.04). Adding controls for whether a student speaks English, Spanish or another language at home and whether or not a student was born in the US, census-tract level measures of neighborhood quality, students' diagnostic test scores, or students' pre-treatment reading achievement quartiles reduces the difference coefficient by 32%.
A final set of hypotheses for the racial differences in the effects of tutoring are concerned with potential differences in tutoring quality, student attendance, or engagement with the tutors or the books read. Controlling for the average tutor characteristics of a students' school -the percent of tutors in a school with an English or education degree, the average tutor quality score from the screening process, the percent of tutors with teaching or tutoring experience, the percent of tutors with a graduate degree, and the percent of tutors who are black, Hispanic, and white -reduces the racial difference in the effect of tutoring to 0.007σ (0.08), a 109% reduction. Further controlling for students' attendance at school leaves the coefficient virtually unchanged. 19 The same set of controls explains 58% of the racial differences in the effect of treatment on attendance at school. Taken together, these data suggest that the main drivers of the difference in treatment effects for Hispanic and black students is differences in the average characteristics of tutors at their school.
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19 Adding controls for students' participation in tutoring, the number of books read that were tagged as particularly "black interest" or "Hispanic interest," or individual tutor characteristics increases the difference in the effect of treatment for black and Hispanic students. Whether books were of particular "black interest" or "Hispanic interest" was determined by the race of the protagonist(s), the race of the author, the image on the cover, or the historical relevance of the plot. Including these controls in addition to those described above yields a final difference in treatment coefficients of 0.01σ (0.09). One potential explanation for why school-level tutor characteristics explain the observed racial differences while individual tutor characteristics do not is that at the school level these measures might proxy for school implementation or commitment to the tutoring program, since principals were part of the tutor selection process. 20 We are unable to isolate whether racial differences in the effects of tutoring are driven by differences in the accumulation of specific reading skills without more detailed subscores on the state ELA exam (e.g. word reading accuracy, fluency, background knowledge, phonetics, vocabulary, etc.). Unfortunately, the DRP measures only one of these skills -students' comprehension of text passages so we can only test one mechanism. Overall, the effects 21
VII. Conclusion
Reading achievement is lagging in the United States -particularly for minority students.
There are well-known methods of increasing math achievement -e.g., charter school best practices, high-dosage tutoring, among others (Fryer 2017a ) -but our understanding of how to increase reading achievement after elementary school is limited.
In an effort to increase reading achievement among middle school students, we conducted a randomized field experiment with roughly 1700 students across 60 NYC public schools. On several direct outcomes -attendance at tutoring, or the number of books or pages read at tutoring -there were large treatment effects. These changes resulted in a positive effect on students' school attendance and a positive, but insignificant, effect on ELA test scores at the mean. The effect on ELA scores is driven largely by black students who experienced a relatively large treatment effect while Hispanic students garnered no marginal benefit from tutoring. Indeed, the expected IRR for black students is 18%; for all students it is 8%. Both pass a simple cost-benefit analysis (see Appendix C for details). Moreover, to the extent that the types of individual relationships that form between tutors and students encourage students to stay in school longer or result in higher educational attainment (as suggested by the positive impacts on attendance), benefits may be significantly understated.
As school districts across the country grapple with how to increase student achievement among adolescents, high-dosage tutoring may be a viable policy solution for both math and reading.
Taking the effects of tutoring secondary school students in math from Fryer (2014) , and the impacts estimated above, implies treatment effects of 0.09σ in math and 0.05σ in ELA, though the effects on ELA are estimated imprecisely at the mean. These effects are strikingly similar to the impacts of attending a charter school in NYC (Hoxby and Murarka 2009 ). Importantly, tutoring may be a more politically palatable way to increase achievement in states constrained by legislation that caps the number of charter schools.
of treatment on students' DRP scores in the fall of 2014 and 2015 are positive in 2014 and negative in 2015, though insignificant in both years. Recall that DRP scores range from 14-100 and that the range of scores that made a student eligible for tutoring were scores from 40-60, with specific cutoffs varying by school. In 2014, the treatment effect for black students is 1.34 points (0.61) and -0.026 points (0.88) for Hispanic students. The p-value on the difference is 0.188. In 2015, the treatment effect for black students is -1.22 points (1.26) and -1.07 points (1.04) for Hispanic students. The p-value on the difference is 0.923. Schools NYC DOE provided a list of 129 interested and eligible schools, of which 20 schools were randomly selected into treatment, 20 into a "main" control, and 20 into a "supplementary" control. 2013-2014 to 2015-2016 Treatment Students 858 students entering 6th grade in 2013: 47% black, 44% Hispanic, 86% economically disadvantaged
School Years
Control Students 913 students entering 6th grade in 2013: 41% black, 45% Hispanic, 81% economically disadvantaged Student Assignment to Tutoring Students were eligible for tutoring if their scores on the Degrees of Reading Power assessment fell between 40 and 60. Students with the lowest DRP scores in this range were assigned to tutoring until the tutoring cohort reached the maximum capacity at each school. Students were grouped by DRP score into groups of four to allow for targeted book selection and instruction.
Tutoring Program
Tutoring was scheduled for between 45 and 60 minutes depending on schools' schedules. The tutoring curriculum was designed by teachers and middle school literacy experts, and modeled after the guided reading framework described in Fountas and Pinnell (2001) . A 60-minute tutoring session would consist of 10 minutes discussing an introductory question and vocabulary review, 40 minutes of 1-on-1 reading with the tutor and independent reading, and 10 minutes of wrap-up and discussion. Tutoring was held during after-school programming in year one; in years two and three most schools moved tutoring to be during the school day. Notes: This table reports ITT results of the tutoring program. The sample is students in treatment and main control schools with DRP scores within the range that would qualify them to receive tutoring services. Students who qualify for tutoring or after-school programs in years 2014-15 and 2015-16 who are not in the experimental cohort are not included in any sample in those years. Students are assigned to the school that they are enrolled in by October 31st in the first year of treatment. All specifications control for matched-pair fixed effects and the student-level demographics summarized in Table 2 plus three years of baseline reading and math scores and their squares. All controls are interacted with indicators for whether a student is Hispanic, black, or other race. Standard errors, reported in parentheses, are clustered at the school level. Significance at the 1%, 5%, and 10% levels indicated by ***, **, and *, respectively. Table 2 plus three years of baseline reading and math scores and their squares. When the outcome is student attendance, controls also include student attendance in the year prior to treatment. All controls are interacted with indicators for whether a student is Hispanic, black, or other race. Standard errors, reported in parentheses, are clustered at the school level. Significance at the 1%, 5%, and 10% levels indicated by ***, **, and *, respectively. Notes: This table reports ITT results of the tutoring program from the pooled specification in Column (4) of Table 4 . The sample is students in treatment and main control schools with DRP scores within the range that would qualify them to receive tutoring services. Students who qualify for tutoring or after-school programs in years 2014-15 and 2015-16 who are not in the experimental cohort are not included in any sample in those years. Students are assigned to the school that they are enrolled in by October 31st in the first year of treatment. Testing variables are drawn from district test score files and are standardized to have a mean of zero and a standard deviation of one within each year and grade among students with valid test scores. All specifications control for matched-pair fixed effects and the student-level demographics summarized in Table 2 plus three years of baseline reading and math scores and their squares. When attendance is the outcome variable, controls include students' attendance rate in the year prior to treatment. All controls are interacted with indicators for whether a student is Hispanic, black, or other race. Standard errors, reported in parentheses, are clustered at the school level. Significance at the 1%, 5%, and 10% levels indicated by ***, **, and *, respectively. Notes: This table reports differences in the ITT effect for Hispanic and black students, controlling for additional student, school, and tutor characteristics. In Column (1) the dependent variable is state ELA test scores; in Column (3) it is student attendance rates at school. Row one controls for matched-pair fixed effects and the student-level demographics summarized in Table 2 plus three years of baseline reading and math scores and their squares. When the outcome is student attendance, controls also include student attendance in the year prior to treatment. Row two additionally controls for whether a student speaks English, Spanish, or another language at home and whether a student was born in the US. Row three additionally controls for the the median household income, poverty rate, percent of single parent households, number of stop and frisks, and percent of stop and frisks that are tagged as being in a high-crime area of the census tract that each school is in. Row four additionally controls for students' diagnostic score on the Degrees of Reading Power assessment that was used to assign students to tutoring. Row five additionally controls for fixed effects for students pre-treatment ELA test score quartile and DRP quartile. Row six additionally controls for tutor characteristics including the percent of tutors with an English or Education degree, the average tutor quality score from the interview process, the percent of tutors with teaching experience, the percent of tutors with tutoring experience, the percent of tutors with any graduate degree, and the percent of tutors who are black, Hispanic, and white. Row seven additionally controls for students' attendance at school. All controls are interacted with indicators for whether a student is Hispanic, black, or other race. Missings are included for all control variables. Standard errors, reported in parentheses, are clustered at the school level. Significance at the 1%, 5%, and 10% levels indicated by ***, **, and *, respectively.
Outcomes of Interest
